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ABSTRACT 
Active Learning (AL) attempts to reduce annotation cost (i.e., time) 
and improve model performance by iteratively selecting the most 
informative examples for annotation. For AL work in the medical 
domain, most approaches tacitly (and unrealistically) assume that 
the cost for annotating each sample is identical and many of them 
evaluated proposed methods in simulation settings, which do not 
reflect the actual performance of AL in real-time annotation. In this 
work we designed a novel, cost-aware AL algorithm (Cost-
CAUSE) for the task of named entity recognition (NER) in clinical 
text, which integrates both lexical and syntactic features to build 
models to estimate annotation time for a given sample. Using the 
2010 i2b2/VA dataset, we recruited 9 users and conducted a user 
study to compare Cost-CAUSE with passive learning in a real-time 
NER annotation task. Our results show that Cost-CAUSE 
outperformed passive learning on the ALC score and reduced 
annotation time by 20.5-30.2%, demonstrating the great potential 
of AL in clinical NER. 
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1 Introduction 
Supervised machine learning (ML) models have achieved state-of-
the-art performance across a range of clinical Natural Language 

Processing (NLP) tasks[6,13], but statistical NLP systems often 
require large numbers of annotated samples in order to build high 
performance ML models. Constructing large-scale, high-quality 
corpora is time consuming and costly, particularly in the medical 
domain where corpus-building often requires manual annotation by 
domain experts. Therefore, methods that can help build high-
performance ML models but require fewer annotations are highly 
desirable in clinical NLP.  

Active learning (AL) systems attempt to prioritize more 
informative samples for annotation during an iterative training 
process to reduce time consuming. Although some studies 
demonstrated the potential of AL, they were conducted in simulated 
environments, and assumed that annotation costs for each sample 
were identical[1–3,9]. However, in reality, annotation cost (i.e. the 
time required by an annotator) can be very different from one 
sample to another and from one user to another user. Cost-
conscious AL methods take consideration of annotation cost 
together with sample informativeness, by integrating a cost (i.e., 
time) model to estimate annotation time for unlabeled data[7][11], 
and have shown improved performance in real-time annotation[10]. 
However, in the medical domain, few studies have investigated 
cost-conscious AL methods and none was evaluated in in the 
context of real-time user studies. Consequently these studies do not 
address important aspects of the complexity of annotation in 
production environments, such as differences in annotation quality 
across users and the element of user fatigue, both of which affect 
the estimated performance of AL. In this study we developed a 



Cost-aware Active Learning for Named Entity Recognition in 
Clinical Text KDD’19, DSHealth Workshp, August, 2019, Alaska USA 

 

 

novel cost-aware AL approach for clinical NER and showed that it 
outperformed passive learning in real-time annotation. The 
contribution of the current work can be summarized as follows: 
(1) We develop a new AL algorithm for clinical NER (called Cost-
CAUSE), which extends CAUSE (Clustering And Uncertainty 
Sampling Engine) [1] to weigh estimated annotation costs (by 
considering lexical and syntactic complexity of sentences) against 
informativeness in one model.  
(2) We conduct the first user study to evaluate our AL system and 
a passive learning system at a real-time setting for clinical NER 
annotation. 

2 Related Work 

2.1 AL in simulation  
Many studies of AL were done in simulation settings, which 
assume annotation cost for each sample is same. Settles and Craven 
conducted a large scale general-domain evaluation of multiple AL 
methods, with a number of approaches giving relatively robust 
performance[9]. Chen et al. demonstrated that AL outperformed 
random sampling for a simulated clinical NER task[2]. More 
recently, Kholghi et al. also applied AL to simulated clinical NER 
tasks and showed that AL could reach the same accuracy as random 
sampling, with only 54% (i2b2/VA 2010) and 76% (ShARe/CLEF 
2013) of the total number of concepts in the training data[3]. 

2.2 AL and Real-Annotation Time 
Despite these studies demonstrated the potential of AL, they were 
conducted in simulated environments, and assumed that annotation 
cost for each sample was identical, which is not true in reality. To 
address this issue, Settles et al.[10] collected several corpora along 
with sample-level annotation times to evaluate real-world AL 
performance, and found that observed costs are highly variable 
across instances. Chen et al.[1] developed an AL annotation system 
to sample sentences for users, concluding on the basis of user 
studies that cost-agnostic AL approaches may perform no better 
than random sampling on the measurement of annotation time, but 
improved learning curves are achievable if the cost variables can 
be appropriately taken into account. Nevertheless, Kholghi et al.[4] 
recruited four users to compare various AL methods with random 
sampling. The AL methods in their tests reduced annotation time 
by 28% compared with random sampling.  

2.3 Cost-Conscious AL 
To address the issue that AL may not actually reduce the annotation 
time in reality, a number of studies proposed methods to model the 
annotation cost of a sample, and balance that cost against 
informativeness. Haertel et al.[7] presented a practical cost-
conscious AL approach motivated by the business concept of return 
on investment (ROI), and showed a 73% reduction in hourly cost 
as compared with random sampling on a POS tagging task. 
Tomanek et al.[11] summarized and compared several methods that 
incorporated cost variables into AL and found that using the ratio 

between informativeness and cost was an effective way to 
incorporate a cost variable into AL. However, how to build models 
to estimate the actual cost of sample annotation is still an open 
question and it could be very different depending on the NLP task. 
In this study of AL in clinical NER, a sample is a sentence; 
therefore, we will investigate models to estimate cost (time) of 
annotating one sentence.  

3 Materials and Methods 

3.1 Dataset 
The dataset used in the study came from 2010 i2b2/VA challenge, 
preserving the original training and test splits of 349 clinical 
documents (20,423 unique sentences) and 477 clinical documents 
(29,789 unique sentences)[12]. Three types of medical entities were 
annotated in each sentence: “problem”, “treatment”, and “test”.  

3.2 Cost-CAUSE 
We propose Cost-CAUSE as an approach to identify more-
informative, less-costly sentences. While we follow the CAUSE[1] 
query strategy to select unlabeled sentences for annotation, we 
score sentences using the ratio: Informativeness(s)/Cost(s) between 
the informativeness of a sentence s and its estimated annotation 
time, similar to other cost-conscious approaches[8,9]. Cost-
CAUSE is encapsulated by the following pseudocode (Figure 1). 
The ranked sentence set S maintains a balanced distribution across 
topics while selecting high IPC samples, and top sentences in S will 
be used for annotating. here the Informativeness for sentence s is 
entropy of words in the s. 

 
Figure 1: Cost-CAUSE algorithm. 

3.3  Cost Model 
Motivated by psycholinguistic literature[5,14], we developed a cost 
model to estimate annotation cost for one sentence based on 
features selected to capture the basic characteristics, lexical 
complexity, and syntactic complexity of the sentence. The cost 
model is given by the following formula:  

𝐶𝑜𝑠𝑡(𝑠) = 𝑐) + ∑ 𝑐,𝑓,(𝑠),                                                     (1) 
where fi(s) is the value of feature i for sentence s, and coefficients 
ci are parameters learned during training. The coefficients in 
formula was learned using least squares. 
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Figure 2 shows all the features used in the study. The Count 
features reflect the characteristics of sentences such as their length. 
The POS Tag Entropy feature is based on the corpus-derived 
probabilities of POS bigrams. The cumulative inverse document 
frequency (IDF, with sentences as “documents”) is used to measure 
the lexical complexity on the assumption that infrequently 
encountered terms may take longer to process. 

 
Figure 2: Features in the cost model. 

3.4 User Study 
We conducted a user study to compare overall NER annotation 
times using Cost-CAUSE vs. random sampling. The participants 
were recruited in the University of Texas Health Science Center at 
Houston, and met the following criteria: 1) they were medical or 
nursing students; 2) they had experience working with clinical 
notes written in English. The actual training and evaluation were 
conducted in three phases, designed for consistency in annotation 
skill level and environment. 

Phase I. 20 participants took basic NER annotation training, and 
were tested to characterize their level of accuracy.  

Phase II. All 20 participants entered phase 2, but 8 participants 
discontinued the user study for personal reasons. Data used in phase 
II came from the training set of i2b2/VA. Participants took a further 
training and practice. Finally, they took a 1-hour test to determine 
their eligibilities for Phase III, and data from the test were used for 
fit parameters of a cost model for each participant.  

Phase III. Phase III was conducted in two days. For each day, 
participants reviewed their annotation from the Phase II test for a 
half hour to warm up. Then, they took the annotation test using our 
annotation system with the i2b2 2010 test dataset for 120 minutes. 
The test was in three 40-minutes sessions and there was a 15-
minute break between any two sessions. A total of 10 medical 
experts completed phase 3, but one participant was subsequently 
removed from further analysis due to lower annotation quality. 
Dataset for evaluating models trained from users’ annotation in this 
phrase came from the original training set of the i2b2/VA. 

The learning curves that plot F-measures vs. estimated 
annotation time were generated to visualize the performance of 
different methods. The area under the learning curve (ALC) was 
used to compare the performance of AL or PL methods. 

4 Results 
Performance of AL and PL. AL (Cost-CAUSE) outperformed PL 
(random selection) for eight of nine users in ALC scores (Table 1 
and Figure 3), and the score for AL was significantly larger than 
that for PL (Wilcoxon signed-rank test, p < 0.01). At 120 minutes, 
the ML model trained on AL sentences had a better performance 
than that from PL sentences in seven of nine users. To test whether 

AL is significantly different from PL in terms of performance of 
the ML model as captured by the learning curves, we performed a 
Wilcoxon signed-rank test for each user, and AL significantly 
outperformed PL in terms of ALC for six of nine users (p < 10-3). 
      Annotation Performance. The annotation quality F-measure 
was estimated by comparing user annotations to the reference 
standard. While users maintained at least 0.70 F-measure on 
annotation quality, there was an observable difference between AL 
and PL (0.748 for AL and 0.798 for PL on average; a median of 
0.74 for AL and 0.79 for PL). Annotation qualities of three users 
for AL sentences were much lower than PL (user 1, 3 and 4, ~0.08 
lower). Users spent a longer time annotating words in AL sentences 
(33.01 - 73.07 vs. 40.47 - 92.22 words/minute) and annotated fewer 
AL sentences within 120 minutes. AL sentences were slightly 
longer (12.44 vs. 11.38 words/sentence on average), contained 
more entities (2.14 vs. 1.39 entities/sentences on average), had a 
higher entity density (0.34 vs. 0.26 on average), and thus were 
perhaps more difficult for users.  
 

Table 1: ALC scores, F-measures at the end of 120-minute 
annotation, and the statistical test P-values of AL and PL. 
Best performance across models for a user is in boldface. 

Users ALC scores 
F-measures 

at 120 
minutes 

P-values based 
on Wilcoxon 

signed-rank test PL AL PL AL 
User1 0.633 0.637 0.696 0.695 9.7x10-2 

User2 0.574 0.575 0.659 0.671 7.2x10-3 

User3 0.608 0.628 0.683 0.690 3.0x10-5 

User4 0.615 0.609 0.692 0.680 5.6x10-3 

User5 0.619 0.642 0.707 0.717 1.8x10-5 

User6 0.580 0.610 0.674 0.691 3.9x10-4 

User7 0.521 0.580 0.624 0.671 1.8x10-5 

User8 0.599 0.613 0.673 0.691 2.7x10-5 

User9 0.606 0.629 0.683 0.693 1.8x10-5 

Mean 0.595 0.632 0.677 0.689  
 
There was a decrease in annotation quality for AL from 40 

minutes (Figure 3, blue dashed lines), where annotation quality for 
AL clearly falls below PL. This may be because sentences selected 
by AL become progressively harder to annotate as sentences must 
be more atypical to qualify as “informative” as the model evolves. 

Annotation Effort Saved by Cost-CAUSE. Consider a 
complementary measurement of users’ annotation effort: how 
much annotation is necessary (in minutes, number of sentences, and 
number of words) to reach a target performance F-measure of 0.67 
(a higher threshold will result in that most of the PL models 
couldn’t reach the target performance)? For users 1 and 4, the AL 
model took more time to reach target performance than PL. For 
another two users 2 and 7, the PL model never reached the target 
performance at the end of 120 minutes, while the AL model did. It 
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needed 74.9 minutes for AL and 86.8 minutes for PL to reach target 
performance on average. For the remaining five users, AL reduced 
the annotation time to reach the target performance by 20.5% - 
30.2%, and reduced the number of sentences and words annotated 
at target performance by 43% - 49.4% and 37.6% - 44.4% 
respectively. Interestingly, although Cost-CAUSE did not reduce 
annotation time for User 1 and User 4, it did reduce the number of 
annotated sentences. However, as we have argued previously, 
annotation time is a more important measure of performance for 
practical purposes. 

   

 
Figure 3: Learning curves and annotation performance for the 
9 users. Dashed lines represent annotation quality and solid 
lines represent the learning curves. The orange and blue color 
represent PL and AL respectively. 

Factors Related with Performance of the AL method. AL 
failed to outperformed the PL for user 1 and 4, which may be 
because their annotation quality for AL was much lower than their 
annotation quality for PL. Another possible reason may be it’s more 
difficult for our cost model to estimate annotation cost for the two 
users compared with other users.  

Limitations of this work: There is still some limitations in our 
work. Our cost model only takes textual features of sentences into 
consideration and doesn’t make use of users’ the background, 
reading speed and other characteristics. So in the future an 
interesting research direction may be to develop more sophisticated 
annotation time models that consider these features. 

5 CONCLUSION 
In this study, we presented a cost model to predict annotation 

time, which was then integrated into the new AL querying 
algorithm (Cost-CAUSE). Cost-CAUSE was shown to save 20.5-
30.2% annotation time for 9 users in a two-hour annotation 
experiment using the i2b2 2010 dataset. These results demonstrate 

the importance of considering, and compensating for, the cost of 
sentence annotation in AL-based clinical NER.  
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